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Fig.	3:	Prediction	of	Collision	Avoidance	Direction	(CAD).	A)	sEMD/Optic	flow	based	estimate.	B)	Neural	population	activity	use	
for	the	obstacle	avoidance	control	strategy	
	
Spiking	Elementary	Motion	Detector	
The	spiking	Elementary	Motion	Detector	(sEMD)	[4]	we	propose	is	adapted	from	the	
correlation-type	EMD	model	[1].	
To	increase	robustness	to	noise,	a	spatial	neighborhood	of	3	x	3	pixels	of	the	DVS	is	
projected	to	one	so-called	Spatio-Temporal	Cuboid	(SPTC)	neuron.	For	the	sake	of	simplicity	
let’s	consider	two	SPTC	(1,	2)	neurons	and	one	sEMD	neuron	(Fig.	2,	A),	with	one	regular	
synapse	connecting	the	left	SPTC	(1)	neuron	and	one	voltage	gated	synapse	connecting	the	
right	SPTC	(2)	neuron	with	the	sEMD	neuron	(Fig.	2	A,	right	synapse).	The	voltage	gated	synapse	
is	only	active	if	the	post-synaptic	membrane	potential	is	above	a	certain	threshold.		
Furthermore,	the	regular	synapse	is	tuned	so	that	if	there	is	no	spike	provided	by	the	right	SPTC	
neuron,	the	sEMD	neuron	will	not	produce	any	output	spikes.	Hence,	the	sEMD	neuron	is	only	
sensitive	to	one	direction	of	motion:		
If	the	left	SPTC	neuron	spikes	at	t0,	then	the	membrane	potential	rises	slightly.	If	then	the	right	
SPTC	neuron	emits	a	spike	at	1	ms	<	t1	<	80	ms,	the	post-synaptic	membrane	potential	is	driven	
above	the	threshold	and	the	neuron	spikes	(Fig.	2	A,	second	and	third	column).	The	synaptic	
weight	of	the	voltage	gated	synapse	is	multiplied	by	the		synaptic	current	of	the	regular	synapse	
and	added	to	the		synaptic	current	of	the	voltage	gated	synapse.	In	this	way	the	inter-spike	
interval	between	two	neighboring	SPTC	neurons	is	transformed	into	an	instantaneous	firing	
rate,	which	decreases	with	increasing	inter-spike	intervals	(Fig.	2	A,	lower	plot).	See	[4]	for	a	
detailed	description	of	this	model.	
If	the	robot	moves	on	a	purely	translational	trajectory,	the	firing	frequency	of	the	sEMD	
correlates	with	the	amplitude	of	translational	optic	flow	and	thus,	scales	with	distance	to	
nearby	objects.	
 
 
Results	
 
Obstacle	avoidance  
We	tested	the	Pushbot	in	a	real-world	scenario	and	verified	how	the	robot	could	robustly	avoid	
obstacles	in	its	way	at	a	high	speed	(for	a	detailed	analysis	of	results	see	[3]). 
	
 
Optic	flow	based	Collision	avoidance	
For	testing	the	second	avoidance	strategy,	the	robot	was	manually	steered	with	a	constant	
velocity	through	a	set	of	cylindrical	obstacles	(Fig.	3,	A	first	column).	The	events	elicited	by	the	
DVS	are	pre	filtered	by	the	SPTC	neurons	(Fig.	3,	A	second	and	third	column)	and	their	activity	
was	used	to	drive	the	sEMD	neurons	(Fig.	3,	A),	fourth	column).	As	expected,	the	firing	rate	of	
the	sEMD	neurons	correlates	with	the	object	distance	(see	last	column	of	Fig.	Results,	A).	Note	
that	the	sEMD	is	very	sensitive	and	can	distinguish	the	relative	distance	along	the	object,	i.e.	
the	bottom	part	of	the	obstacle	is	farther	away	from	the	DVS	than	the	top	part.	
	
Discussion	
We	presented	two	approaches	to	control	a	robotic	platform	using	an	event-based	camera	as	
only	sensory	information	and	LIF	neurons	to	compute	a	collision	avoidance	direction.	
Both	approaches	can	be	implemented	on	a	neuromorphic	processor.	These	two	properties	
make	them	optimally	suited	for	robotic	applications,	due	to	the	low	power	consumption	
compared	to	conventional	frame-based	approaches.	
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